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90Percentile 3.709242 19 Major Axis Length 17.316508
Maximum 2D
2 Energy 11.702807 20 ) 33.923449
diameter
Entropy 8.694413 21 Mesh Surface 17.029646
4 Interquartile Range 1.500421 22 Minor Axis Length 20.252432
Kurtosis 0.660259 23 Perimeter 31.779611
. Perimeter to
6 Maximum 12.038673 24 ] 9.465856
Surface ratio
Mean Absolute )
7 o 2.295969 25 Pixel Surface 18.026436
Deviation (MAD)
8 Mean 1.306950 26 Sphericity 42.740264
) Gray Level Co-occurrence Matrix (GLCM)
9 Median 1.053885
Features
10 Minimum 5.300412 27 Autocorrelation 8.109272
11 Range 20.887386 28 Cluster Prominence 2.769930
Robust Mean
12 | Absolute Deviation 1.622637 29 Cluster Shade 1.508821
(rMAD)
Root Mean Squared
13 1.455684 30 Cluster Tendency 3.121143
(RMS)
14 Skewness 0.050491 31 Contrast 3.721265
15 TotalEnergy 11.702807 32 Correlation 22.638504
16 Uniformity 9.166207 33 Difference Average 3.305123
17 Variance 1.589201 34 Difference Entropy 0.286059
Gray Level Run Length Matrix Feature 35 Difference Variance 1.329438
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Gray Level Non-

Inverse Difference

51 ) . 23.926473 36 2.913301
Uniformity (GLN) (ID)
Gray Level Non- '
) ) Inverse Difference
52 Uniformity 8.454810 37 3.031177
) Moment (IDM)
Normalized (GLNN)
) Inverse Difference
Gray Level Variance .
53 1.464435 38 | Moment Normalized 23.260212
(GLV)
(IDMN)
High Gray Level )
_ Inverse Difference
54 Run Emphasis 10.128861 39 ) 15.359914
Normalized (IDN)
(HGLRE)
Long Run Emphasis Informational Measure
55 0.001258 40 . 6.994711
(LRE) of Correlation (IMC) 1
Long Run High Gray )
. Informational Measure
56 Level Emphasis 0.209777 41 i 15.570703
of Correlation (IMC) 2
(LRHGLE)
Long Run Low Gray
57 Level Emphasis 2.456071 42 Inverse Variance 1.880141
(LRLGLE)
Low Gray Level Run )
58 ; 9.463949 43 Joint Average 8.635873
Emphasis (LGLRE)
59 Run Entropy (RE) 25.638934 44 Joint Energy 6.295740
Run Length Non- )
60 ) ) 26.268580 | 45 Joint Entropy 7.356590
Uniformity (RLN)
Run Length Non- _ ]
i ) Maximal Correlation
61 Uniformity 8.125485 46 ) 8.731826
) Coefficient (MCC)
Normalized (RLNN)
62 | Run Percentage (RP) 4.729306 47 | Maximum Probability 5.140978
63 Run Variance (RV) 0.029996 48 Sum Average 8.635708
Short Run Emphasis
64 5.895822 49 Sum Entropy 16.934830
(SRE)
Short Run High Gray
65 Level Emphasis 7.449175 50 Sum of Squares 2.307877
(SRHGLE)
Short Run Low Gray Gray Level Size Zone Matrix (GLSZM)
66 , 12.006420
Level Emphasis Features
Neighbouring Gray Tone Difference Gray Level Non-

Matrix (NGTDM) Features

67

Uniformity (GLN)

23.926473




Gray Level Non-

83 Busyness 6.070743 68 Uniformity 8.454810
Normalized (GLNN)
Gray Level Variance
84 Coarseness 0.589104 69 1.464435
(GLV)
) High Gray Level Zone
85 Complexity 5.074996 70 ] 10.128861
Emphasis (HGLZE)
Large Area Emphasis
86 Contrast 5.977543 71 0.001258
(LAE)
Large Area High Gray
87 Strength 14.427952 72 Level Emphasis 0.209777
(LAHGLE)
Large Area Low Gray
Gray Level Dependence Matrix (GLDM) )
73 Level Emphasis 2.456071
Features
(LALGLE)
Dependence Entropy Low Gray Level Zone
88 33.585059 74 i 9.463949
(DE) Emphasis (LGLZE)
Dependence Non- Size-Zone Non-
89 ) _ 17.237819 75 _ i 26.268580
Uniformity (DN) Uniformity (SZN)
Dependence Non- Size-Zone Non-
90 Uniformity 15.538451 76 Uniformity 8.125485
Normalized (DNN) Normalized (SZNN)
Dependence Variance Small Area Emphasis
91 9.703390 77 5.895822
(DV) (SAE)
Small Area High Gray
Gray Level Non- )
92 ] . 9.291882 78 Level Emphasis 7.449175
Uniformity (GLN)
(SAHGLE)
. Small Area Low Gray
Gray Level Variance )
93 (GLY) 1.395565 79 Level Emphasis 12.006420
(SALGLE)
High Gray Level
94 _ 8.582999 80 Zone Entropy (ZE) 25.638934
Emphasis (HGLE)
Large Dependence
95 ) 3.944425 81 | Zone Percentage (ZP) 4.729306
Emphasis (LDE)
Large Dependence
High Gray Level _
96 ) 5.862991 82 Zone Variance (ZV) 0.029996
Emphasis
(LDHGLE)
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Large Dependence
Low Gray Level
97 ) 3.553417
Emphasis

(LDLGLE)

Low Gray Level

98 ) 9.168657
Emphasis (LGLE)

Small Dependence

99 ] 6.578853
Emphasis (SDE)

Small Dependence

High Gray Level

100 5.610242
Emphasis
(SDHGLE)
Small Dependence
101 Low Gray Level 13.664867
Emphasis (SDLGLE)

Flaai* RTrHceFaoe LR > §F FEAAL > IR A B2 B
PRAREE N AR A APEEPA B B 7 5 ¢ Radiomics feature 73+ ¥
N FEE B PHREY M EL QR 20 3 40 24 0 @ B 35 hd ik
BEEF 1A FI A ER A HFENFEX20-FEX25 1% F @3
30 ‘:"”’?’ﬁf»'ﬁ’.@]”;l_ SVM BA 8 {754 5 47 1 Bhen 2 B A 4F o

40

35 4

30 4

259

20

15 A

10 A

B] 7 ~ % Radiomics feature F & 02 = )
#-Fb P~ 4 e Radiomics features 4 %) F £ * 3> 20~F @ <325 M % F &

L 30 T HE NS R Aed 3 0 KA TR G 14 BEAF @4
20 &5 14 GBS W 657 A S AL E e d 8 BHAF &
A 25 2 A ud 445 R e L B T 4 BHKF

)

<3300 d 2 A7 RREAEAE T ES > AT E RS BN FHET Bz B
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PEE R 2 SVM BCAIE 7R s 0 o A AR S AT B B R

S M o
% 3~ 1457 F F (&7 &% 5 & Radiomics features

Pl & 3E {5 P K

v" First order statistics Features:

Range

v" Shape-based (2D) Features:

Maximum 2D diameter, Minor Axis Length, Perimeter,
Sphericity

v Gray Level Co-occurrence Matrix (GLCM) Features:
Correlation, Inverse Difference Moment Normalized
(IDMN)

v Gray Level Run Length Matrix (GLRLM) Feature:
Gray Level Non-Uniformity (GLN), Run Entropy
(RE), Run Length Non-Uniformity (RLN)

v Gray Level Size Zone Matrix (GLSZM) Features:
Gray Level Non-Uniformity (GLN), Size-Zone Non-
Uniformity (SZN), Zone Entropy (ZE)

v Gray Level Dependence Matrix (GLDM) Features:
Dependence Entropy (DE)

v' Shape-based (2D) Features:

Maximum 2D diameter, Perimeter, Sphericity

v" Gray Level Run Length Matrix (GLRLM) Feature:
Run Entropy (RE), Run Length Non-Uniformity (RLN)

v' Gray Level Size Zone Matrix (GLSZM) Features:
Size-Zone Non-Uniformity (SZN), Zone Entropy (ZE)

v" Gray Level Dependence Matrix (GLDM) Features:
Dependence Entropy (DE)

v' Shape-based (2D) Features:

Maximum 2D diameter, Perimeter, Sphericity

v' Gray Level Dependence Matrix (GLDM) Features:
Dependence Entropy (DE)

3. jREFHEERZ SVM HAA FLEEHE

S0P g 5"L§ SR FEAGERE A 9 ok SVM 3] e g

F &#>20 14

F &>25 8

F #>30 4

FEF AP A -2 F AT A B3 P EACER S S HE D ik
BE IR HRE A ‘wﬁ%)‘i SVM #A:8 7375 « ¥ b » d 22 SVM #4715 8
HPe7 e kernel Sific kB A AR 0 T AP EER T 4 RG ¥ Len

kernel ¥ 32 SVM $ic3| errkernel & #c » 4 %] i Linear kernel ~ Polynomial kernel ~
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Gaussian Radial Basis Function kernel (RBF)% Sigmoid kernel® i d 2-40 14 B2 18 -
B{RERZIREY RN AP BT S AT B

% 4 §_# > 3% Radiomics features ﬁa?] >3 SVM H23] A #5505 4F 1 BE 2 B chip)
HEE M FEEAA LT AN ERES CHER CSERZFERE 404
Tk SVM 53]~ 8 2t Bt gheapeim o 8 A 47 7 5 RS H
&Tﬁv‘b,ﬂ?f{ 3 i%-iie‘ P OSVM A A A B AT SRS A A 60%3
75%2 B > i# * Polynomial kernel e SVM -3 Err M E R ~ 57 B 2
BFRREA J % 72.34% ~53.33% ~57.14% ~ %2 78.79% > L Brr S 2 FH R B INA &
4 74 kernel 2. ¥ & % 97> % 77 SVM 4§ iz Polynomial kernel 74 #f 2 {42 & {4k
41 Bheraay g 0 FIt (S A & € 1 SVM 45 fe Polynomial kernel e5 2 & %
kB CE R ACE R T REF AV R o

Fe A A EHHGERPF > SVM 2t 54T IC 8RR B2 PIEE %

Pl %
B Fr R AR R FRAE
Linear kernel 68.08% 50.00% 60.00% 71.88%
Polynomial kernel 72.34% 53.33% 57.14% 78.79%
RBF kernel 63.83% 52.63% 55.56% 68.97%
Sigmoid kernel 61.70% 57.90% 52.38% 69.23%

% FES200 ¢ AAD 102 ey FF D 4 @8uceE 27 5%
& Acd 5977 o @ L BF SVM 5 iz Polynomial kernel sh# x5 ~ H E R ~ AR
BREFRRALS G 8511%~T72.22% ~ 81.25%% 84.38% > F B3 % % B3 AL
PG ETPREE  EP R AP E S P EAHAERE OB D E N L P eh
HAFF ok ® SVM A 4 ddn gL B eh oo

205 % FE>20 pF » SVM A £F5% 54T 1 812 T 2 jplag

Plidd %
B Fg R AR R FER
Linear kernel 82.98% 66.67% 76.92% 85.29%
Polynomial kernel 85.11% 73.68% 82.35% 83.87%
RBF kernel 78.72% 66.67% 75.00% 80.65%
Sigmoid kernel 78.72% 61.11% 78.57% 78.79%

FEEA2S @ g AANI02 e &FE N SAPpMkE 9%
& drd 6 9777 o @ PF SVM $5 iz Polynomial kernel sn#fx 5 ~ H B R ~ 7R
BEZFERAL S L 80.85% -~ 68.75% ~ 78.57%% 84.38% » # 7 é#if 1 E % & fen

8 B AcE A #&= SVM A g Ay BiH4ri ghenipy s » & R+ 8 fadFjic
B P B IR 4 BB T SRS S  JRIT AT L LR A
B e s 5 3 4450 F U SVM eha STEFE S § or B AR o
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46 F F@>25pF > ISVM A 275 54T 1 B2 B2 pliR i %

PR %
by i HFER TR R FRER
Linear kernel 76.60% 64.71% 68.75% 80.65%
Polynomial kernel 80.85% 68.75% 78.57% 84.38%
RBF kernel 78.72% 72.22% 72.22% 82.76%
Sigmoid kernel 72.34% 75.00% 72.00% 72.73%

% FEA30p > ¢ AALDI02 e’ GE N 4 ue > BF5%
& drd 7977 o @ PP SVM $5 iz Polynomial kernel sn& gx 5 ~ M B R ~ 7R
BE2EFRERALSB G 76.60% > 61.11% ~ 73.33%% 78.13% K FokiE % ¥ v fx*
14 fass £ 8L A A PFAEEFHMICELELGFEEF T REWHEY 4BE 2
Wi end s % o
47 % F@5>30 p5 » SVM A 45 5 4T (L 8L 4 § 2 ipl38 5 &

e %
B F R R R FER
Linear kernel 74.47% 61.11% 68.75% 77.42%
Polynomial kernel 76.60% 61.11% 73.33% 78.13%
RBF kernel 70.21% 55.55% 62.50% 74.19%
Sigmoid kernel 63.83% 50.00% 52.94% 70.00%
P e s % 222454 7 F ioid iF Radiomics 44 B~ 1 < £ % e %5 1) chjicdT

FEPREZL R EEFERERESFD ML SRR Ly R
SVM HoA| » #g i ress ~ Hak ~ MR A2 FR AR > © ) 37 %85 DiplidErm
Fiv K& 90%r b o am T A hR FIEE FRACER P ARG Y I ik
W ERYUR N AL 4 2 FIt R A AP A R f R
BRE ARG S g RS
(=) %%

iRk b od WIS AT B R S RE - LGB E R st T
LR R R FE AT B R e AP B R g A EBRAL AR -
Tl A RA A BB B BAER R R Y P RN L
PR r 4T BEHE R B O B R Y AR S P R N A o g
T NEI B LT AR EEERM g2 PR AR A A RLE
PO RS T E D] 85% 0 W E A KA Foonif et FE LA B E RER L
% °
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